An integrated multiscale modeling framework that incorporates a simulation-based upscaling technique is developed and implemented for the material characterization of additively manufactured cellular structures in this paper. The proposed upscaling procedure enables the determination of homogenized parameters at multiple levels by matching the probabilistic performance between fine and coarse scale models. Polynomial chaos expansion (PCE) is employed in the upscaling procedure to handle the computational burden caused by the input uncertainties. Efficient uncertainty quantification is achieved at the mesoscale level by utilizing the developed upscaling technique. The homogenized parameters of mesostructures are utilized again at the macroscale level in the upscaling procedure to accurately obtain the overall material properties of the target cellular structure. Actual experimental results of additively manufactured parts are integrated into the developed procedure to demonstrate the efficacy of the method.
Introduction
Cellular structures have promising potential in engineering applications due to their inherent mechanical advantages such as light weight and high strength. The complexity of these structures, on the other hand, is a big issue for traditional manufacturing techniques. Additive manufacturing (AM) techniques have gained attention recently, since they enable the fabrication of complex structures that are not technically or economically feasible with conventional methods of casting, molding, and machining. AM techniques differ from the traditional techniques in the sense that the building of parts is based on depositing material layer by layer. Over the last decade, several improvements have been made in AM techniques, thus providing great opportunities for designers and engineers to obtain the desired structural properties by fabricating cellular structures easily.
The concept of cellular structures, including foams, honeycombs, lattices, and similar constructions, comes from retaining material only in the vital regions of a part to attain a lightweight structure, while maintaining mechanical properties such as high strength and energy absorption. Of these structures, lattice-based cellular structures offer inherent advantages over foams due to their ability to provide lighter and stronger structures [1, 2] . The struts that comprise the lattice structures, on the other hand, have heterogeneities in material and geometry due to the limited resolution and inherent uncertainties in the process parameters of the AM techniques. For instance, in the material extrusion technique, also known as the fused deposition modeling (FDM) process, the nozzle diameter directly influences the deposited layer thickness, the raster width and the precision. This is the primary cause of the heterogeneities in fabricated parts [3] . Figure 1 illustrates the heterogeneities in struts of lattice-based cellular structures fabricated by FDM technology. It is clearly seen that the geometry of the fabricated struts has deviations on each layer. As a result, the overall product performance will be different from the original product design that is described with computer-aided design modeling. Accordingly, additional efforts are required to accurately estimate the uncertainties of the performance of additively manufactured parts. This issue will be addressed in this paper.
The effect of these heterogeneities caused by the uncertainties of process parameters has to be taken into consideration while modeling the cellular structures, in order to obtain the effective properties of the structure accurately. However, direct modeling Fig. 1 Deviations on each layer of the geometry of the struts fabricated by FDM process of the final structure by using detailed heterogeneous strut geometries is neither feasible nor efficient with the existing modeling and analysis techniques. The solution that is proposed in the current research is to describe the structure by multiple models that focus on different levels of scales and to enable linking between each level. This procedure is commonly called "multiscale modeling" and has been utilized in a wide range of engineering applications in the literature, such as modeling the vapor deposition process in chemical engineering [4] , modeling tissue perfusion in biomedical engineering [5] , flow analysis in geotechnical engineering [6] , etc. Multiscale modeling methods have also been used in design processes for mechanical parts to develop more reliable structures and products by accounting for the detailed fine scale information [7, 8] . Ruderman et al. [9] has introduced a multiscale design framework that incorporates a reliability-based topology optimization method into a multi-attribute decision design method. The proposed framework has been utilized for the design of a hydrogen storage tank that is constructed by optimized lattice unit cells to quantify the effects of uncertainties that propagates from unit cell scale to product scale. However, the existing studies have rarely utilized a multiscale modeling technique to account for the uncertainty effects on a fine scale resulting from AM fabrication of cellular structures.
Of the studies related to the cellular structures fabricated by AM processes, most of them focus on the developing homogenization methods to determine the effective material properties of lattice structures without considering the uncertainty effects at lower levels [10, 11] . A few studies consider the effect of process parameters on the overall lattice structure performance. Cansizoglu et al. [12] investigated the effect of build angle and orientation on overall material properties, and also determined the limitations of the strut dimensions and build angles in lattice structures fabricated by the electron beam melting process. Cahill et al. [13] conducted an experimental study to determine effective material properties of strut-based structures fabricated by the selective laser sintering process, and shows that the finite element analysis (FEA) results are inaccurate when the surface roughness on the strut diameters caused by the process parameters is not taken into account. Overall, the existing studies show that the AM process parameters have considerable effect on the overall product performance, but the current simulation and physical experimental efforts are insufficient for the certification of additively manufactured structures. Therefore, it is essential to deliver new methodologies that accurately quantify the effects of uncertainties that propagate from one scale to another through the determination of parameters that accurately represent each component model at multiple levels of a structure.
The purpose of this research is to develop a multiscale modeling framework that integrates simulation-based modeling techniques at multiple levels under the consideration of uncertainties. In a previous study, an efficient homogenization approach was introduced to evaluate the effective material properties of cellular structures fabricated by material extrusion [14] . The propagation of uncertainty, on the other hand, was not fully considered in the homogenization method used for the evaluation of the effective material properties. In this research, we have developed a multilevel upscaling technique by modifying and adapting the authors' previous work [14, 15] with the consideration of uncertainty quantification and propagation across scales. Specifically, at finer scales, homogenized properties are obtained utilizing the upscaling technique by accounting for the uncertainties of input variables caused by the process parameters. Once the statistical homogenized parameters are obtained, those are used at larger scales, and the statistical parameters of effective material properties can be predicted by the proposed upscaling technique. The unknown stochastic properties at each level are represented by a stochastic expansion method to mitigate the computational burden in the upscaling procedure. Probabilistic distribution type and other stochastic behaviors of the homogenized parameters are also predicted by an uncertainty quantification method. The proposed multilevel upscaling method enables the use of existing black box tools for accurate prediction of homogenized properties, thus providing a nonintrusive multiscale modeling approach. Hence, the use of multilevel upscaling procedure is not limited to cellular materials and can be extended to any type of multiscale engineering applications by determining required levels of scales for uncertainty quantification and propagation at multiple scales.
The paper is organized as follows. The details of the simulation-based upscaling method and uncertainty quantification are described in Sec. 2. The proposed multilevel simulation-based upscaling method is presented in Sec. 3. The proposed framework is then applied for the material characterization of additively manufactured cellular structures, and the results are certified by physical experiments in Sec. 4.
Simulation-Based Upscaling Method
The goal of the proposed upscaling technique is to identify the stochastic homogenized properties of a product of interest by constructing a coarse scale model that can accurately represent the fine scale details subject to uncertainties. The upscaling process consists of four main steps, with Fig. 2 , provided as an example for determining the homogenized properties of a lattice-based cellular structure. For the first step, the input variables and the corresponding outputs are identified for the fine scale model. Then, a coarse scale model is defined to represent the high-dimensional fine scale model with a lower-dimensional (coarse scale) model that retains the outputs of interest. In the third step, the optimal values for the homogenized properties are determined by utilizing an optimization process to match the probabilistic performance of fine and coarse scale outputs. The last step is to identify the distribution type and the statistical parameters of the homogenized properties using Bayesian information criterion (BIC) also known as the Schwarz criterion [16] . The detailed procedures of each step are described in Secs. 2.1, 2.2., 2.3, and 2.4, with the example given in Fig. 2. 2.1 Steps 1 and 2: Representation of Fine and Coarse Scale Models Under Uncertainty. Let the input variable of a mathematical model of a physical system be X. When uncertainties are Transactions of the ASME considered, X is called a random variable and denoted by X(h) where h denotes an element in the sample space of X. Thus, there exists a unique X(h) for each single realization h in the sample space. Similarly, let the output variable of the mathematical model be Y. When the uncertainties of input variables are propagated using the mathematical model, the random output variable is denoted by Y(x), where x denotes a single realization in the sample space of the output variable. Thus, the relationship between the input and output variables of the fine and coarse scale models is represented by
where the subscripts F and C denote the fine and coarse scales, respectively. f(.) and g(.) can be analytical models or black-box functions that will represent the mathematical model of the physical system at fine and coarse scales. The random quantities in the input and output variables of the fine scale model are expressed by parameters h and x, respectively. Similarly, g andx are the parameters that represent the random quantities in the input and output of the coarse scale model, respectively. The first step of the upscaling process is to construct a fine scale model, f(.), for an engineering material or structure. For the lattice structure example in Fig. 2 , a finite element model (FEM) with fine scale details comprised of strut elements is generated in the first step. X F (h) denotes the random input variables in the lattice structure (e.g., material properties and cross-sectional properties such as diameters of struts). When boundary conditions are applied to the fine scale FEM (e.g., one side of the FEM is fixed, and a displacement is applied on the other side for a tensile test simulation of the lattice structure in Fig. 2 ), the corresponding fine scale output variable, Y F (x), (e.g., total reaction force at the fixed end) is calculated from the simulation of the fine scale model by randomly varying the input variables.
In the second step, as seen in Fig. 2 , an FEM for a solid block that has the same outer dimensions as the fine scale model is constructed as the coarse scale model denoted by g(.). The inputs for this FEM, i.e., the homogenized Young's modulus and Poisson's ratio, are the coarse scale input variables denoted by X C (g). When the same boundary and loading conditions are applied on the coarse scale model, the total reaction force at the fixed end is calculated from the simulation as the coarse scale output variable denoted by Y C (x). This method is called simulation-based stochastic upscaling method since it provides an effective way to "upscale" the fine scale uncertainties to a coarse scale representation with homogenized properties, X C (g), by utilizing simulation tools to construct the fine and coarse scale models. A possible approach for this upscaling method is to utilize an optimization procedure to match the probabilistic performance of the coarse scale outputs, Y C (x), with the fine scale outputs, Y F (x), in order to identify the optimal distribution of the homogenized properties. This optimization process is described in Sec. 2.2.
2.2
Step 3: Upscaling Via Optimization. The unknown homogenized variables, X C (g), must be identified to obtain the equivalence between the fine scale and coarse scale model outputs given by
An optimization procedure can be applied to find X C (g), to seek the equivalence given in Eq. (3). For instance, the difference, d, between the fine scale output of interest, Y F , and the corresponding coarse scale output of interest, Y C , can be considered as the objective function to be minimized
whereg denotes the estimated random quantities of the unknown homogenized input variable. It should be noted that for the sake of notational simplicity the random quantities x andx of the output variables Y F and Y C are not shown in Eq. (4) nor in the following descriptions. Existing upscaling techniques via optimization that utilize various objective functions including rate distortion theory, relative entropy, and methods of moments [17] [18] [19] have been tested, and the advantage of the proposed upscaling method by utilizing an error loss function compared to the existing methods has been demonstrated in our previous study [15] . The error loss function, U(.), is simply the exponential of the negative squared difference between fine and coarse scale outputs of interest, and is given by If the statistical moments of both fine and coarse scale model outputs are available, the efficiency and accuracy of the optimization process can be improved. Thus, the final optimization statement can be given by
where M t C and M t F denote the tth statistic moments of the responses at the coarse and fine scale, respectively, and e is the user-defined error criterion for the desired accuracy.
Representation of Uncertainty in Multiscale Modeling.
The design variable values in the optimization process are the sampling points of the unknown homogenized variable when sampling methods are utilized for the uncertainty representation. However, for accurate representation, a high number of sampling points are required, meaning the number of design variable values is very high. In this paper, a random field representation scheme, specifically stochastic expansion, is considered to reduce the dimensionality of the optimization procedure. After constructing the fine scale model in step 2, the random quantity (i.e.,g) of homogenized coarse scale variable X C can be projected onto PCE using nonintrusive processes [20, 21] 
where b k are undetermined coefficients and U k denote orthogonal polynomials. Depending upon the type of random variables, n, the orthogonal polynomials can be selected. For instance, n is a set of standard normally distributed random variables and U k can be Hermite polynomials for Gaussian random variables. PCE can also be used for non-Gaussian random processes, but it may converge slowly when Hermite polynomials are used. Therefore, Askey-chaos representation (also called generalized PCE (gPCE)) [21] , in which the polynomials are not restricted to Hermite polynomials, can be used for non-Gaussian random processes. In this case, the orthogonal polynomials, U k , and type of random variables, n, are chosen depending on the type of the distribution of the random process. One can refer to Ref. [21] for the polynomial types and their associated random variables that can be used for different distribution types. By substituting Eq. (8) into Eq. (2), the coarse scale model can be described with
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where k ¼ 0,…, P are the number of coefficients. Thus, the corresponding exponential loss function in Eq. (5) becomes
When sampling methods are utilized to generate data, for n number of samples, the exponential loss function to be maximized is given bŷ
Equation (11) can be utilized in the third step of the upscaling process in Fig. 2 as the objective function of the optimization statement described by Eq. (7). Then, the design variables that will be determined in the optimization process become the coefficients of PCE (b i ) to find the optimal coarse scale input variables. Thus, the optimization problem to find the optimal values of PCE coefficients (b opt , k ) is formally stated as
This optimization procedure implies that the loss function in Eq. (11) is at its maximum when all of the coarse scale output values are equivalent to the corresponding fine scale output values. To achieve this, the design variables, b k , are changed in a way that the coarse scale model can accurately approximate the fine scale outputs in Eq. (12) . Then, the homogenized coarse scale input variables, X C , are found by using the optimal PCE coefficients in Eq. (8).
2.4
Step 4: Determination of Distribution Type of the Homogenized Input Parameter. Once the optimization given by Eq. (12) is completed, the last step is to identify the stochastic parameters and the type of the distribution that provides the best fit for the data of the coarse scale homogenized variable, X C (g), determined in the optimization step. Modeling the distribution of the homogenized variable with defined statistical parameters enables the generation of samples from its distribution easily in the subsequent levels of interest, using sampling methods as will be explained in Sec. 3. The distribution type of the homogenized variable can be estimated by utilizing a goodness of fit calculation method for the predicted data of the homogenized variable. Zhang et al. [22] shows that fitting different distributions to the data can change the result; especially, the probability of failure of a structure is the concern of the structural analysis or design. Even though the probability of failure is not the concern of this study, it is important to determine the optimal stochastic parameters and distribution type to represent the distribution of the variable with high accuracy. For this purpose, BIC [16] is used in this study due to its simplicity. The number of samples, n, and the number of stochastic parameters, k, are taken into account for the evaluation of goodness of fit via BIC, thus, providing a better judgment for determining the optimal distribution [23] . The BIC value for a distribution type that is fitted to the data of the homogenized parameter is given by BIC ¼ À2 Á logðLÞ þ k Á logðnÞ (13) where log(L) is the logarithm of maximum likelihood estimation (MLE) [24] . One can refer to Ref. [24] for the details of how to use MLE to fit a distribution to a random variable data with optimal statistical parameters. Once the BIC value is calculated for various distribution types, the one with the smallest BIC value gives the best fit for the data of the homogenized input variable obtained by the upscaling process. The detailed flowchart of these four steps required to implement the upscaling process is depicted in Fig. 3 (a).
Multilevel Upscaling Procedure
As mentioned in Sec. 1, when there exist large geometric uncertainties in the finer scales of a structure, modeling by using detailed geometries is neither feasible nor efficient with the existing modeling and analysis techniques. The solution that is proposed in the current research is to describe the structure by multiple models that focus on different levels of scales, and to enable linking between each level. In the proposed multilevel framework, the upscaling process explained in Sec. 2 and shown by a flowchart in Fig. 3(a) , is repeatedly utilized at multiple levels of interest (i ¼ 1, 2…, N), as depicted in Fig. 3(b) , to identify the overall homogenized properties (X C,N ) with efficient uncertainty propagation. In Fig. 3 , the input variables are denoted by X, where subscripts F and C represent the fine scale model and coarse scale model, respectively. The subscript i in Fig. 3(a) denotes the level of scale that the upscaling process is implemented. The outputs at fine and coarse scale are denoted by Y F,i and Y C,i for each level. It should be noted that for the sake of simplicity, the uncertainty parameters of the input and output random variables such as h, x, g, andx are omitted from the notations of the variables in the sequel. In this framework shown in Fig. 3(b) , the homogenized coarse scale input variables (X C,i ), which are determined at one level by the upscaling process given in Fig. 3(a) , are used at the subsequent level as the input variables of the fine scale model, X F,iþ1 (i.e., X C,i ¼ X F,iþ1 as seen in Fig. 3(b) ). This process is repeated at each level until eventually the overall homogenized properties are identified at the final level. This multilevel upscaling procedure is explained in this section with the example of the characterization of homogenized structural properties of the AMfabricated lattice-based cellular structure in Fig. 1 with two levels of scales, as illustrated in Fig. 4 .
As seen in Fig. 1 , the lattice-based cellular structure comprises struts that have variations at each layer. The proposed multilevel modeling framework is used to relieve the difficulty of modeling of these variations with details of geometric uncertainties while preserving the accuracy of the results by utilizing proposed multilevel upscaling process with two levels of scales; i ¼ 1 refers to the mesoscale level and i ¼ 2 refers to the macroscale level, as seen in Fig. 4 . At mesoscale level, the purpose is to determine the homogenized structural element variables denoted by X C,1 , such as the homogenized diameters of each strut in the structure, by utilizing the upscaling process. Then, at the macroscale level, instead of modeling every strut in the structure with details of variations, the struts are modeled by the homogenized diameters identified at mesoscale level so that the overall homogenized structural properties denoted by X C,2 can be determined at this level by utilizing a second upscaling process. The details of the proposed framework will be provided in Secs. 3.1 and 3.2. All of the input and output variables that were used in the proposed multilevel upscaling framework of lattice-based cellular structure shown in Fig. 4 are listed in Table 1 to clarify the following descriptions. More details of quantification of uncertainties of these variables are given in Sec. 4.
Mesoscale Level Upscaling.
For upscaling at the mesoscale level in the multilevel modeling of lattice structures, first, the uncertainties of fine scale input variables, which correspond to the uncertainties with the structural elements (i.e., struts in the lattice structures), are identified. These input variables are denoted by X F,1 in Fig. 4 and include the structural properties that comprise the struts such as layer thickness, layer diameter, angle of Total reaction force strut, etc. The details of these structural properties will be given in Sec. 4. The scope of the mesoscale level is to identify the homogenized structural element variables, such as the homogenized diameters of each strut in the cellular structure, denoted by X C,1 . Figure 3 (b) with i ¼ 1 summarizes the overall upscaling procedure implemented at the mesoscale level. To utilize the proposed upscaling process to determine the homogenized variables, a fine scale model of the struts and a corresponding coarse scale model that can represent it with homogenized variables are generated. In this study, FEM is used as the modeling technique for both fine and coarse scale models to show that the proposed method can effectively identify the homogenized input variables in a nonintrusive manner. The implicit formulation for the FEM is given by
where K is the stiffness matrix of the element used in FEM. f and u denote the force vector and displacement vector, respectively. At fine scale, a modeling procedure that accounts for the uncertainties of geometrical input parameters of deposited struts is developed for the struts. For this purpose, the authors' previously developed code for voxel-based FE modeling technique [14] has been improved. This code involves the FEM of eight-node brick elements, and each deposited layer of a fabricated strut is filled with these brick elements based on the uncertainty information of the input variables. A sampling method is then utilized to generate the data of the random input variables at fine scale (X F,1 ) using the stochastic parameters. Specifically, a stratified sampling scheme, Latin hypercube sampling (LHS) [25] , is used to generate n 1 number of sampling points. Ultimately, the input uncertainties are propagated by a tensile test simulation of this fine scale FEM (the bottom part of the strut is fixed and a displacement is applied on the top surface as shown in Fig. 4) , and the total reaction force is obtained as the fine scale output variable, Y F,1 , for each sampling point.
In the second step of the upscaling process at mesoscale level, a coarse scale FEM that can represent the fine scale FEM with homogenized parameters is constructed at the mesoscale level. The coarse scale FEM of struts are created using beam elements, and the homogenized diameter of the strut at the coarse scale model is defined as the unknown homogenized input variable, X C,1 . As indicated in Sec. 2, in order to reduce the dimensionality of the random quantities in the optimization process, the homogenized variable, denoted by X C,1 in Fig. 4 , is projected onto the PCE by Eq. (8) . Thus, only the PCE coefficients, denoted by b in Eqs. (8) and (9) are found in the optimization of Eq. (11). These PCE coefficients are initialized and the total reaction force is calculated as the coarse scale output variable, Y C,1 , by implementing a tensile test simulation of the coarse scale FEM.
In the third step of the upscaling process given by Fig. 3(a) , the optimization of Eq. (11) (i.e., matching the probabilistic performance of Y F,1 and Y C,1 ) is conducted to determine the optimal PCE coefficients of the homogenized variables. In the fourth step, the optimal distribution type and the statistical parameters of the homogenized variables that will be used at the macroscale level are determined by BIC, as explained in Sec. 2.4.
Macroscale Level
Upscaling. The upscaling process that is used at the macroscale level can be presented by Fig. 3(b) with i ¼ 2. The homogenized variables, X C,1 (i.e., the strut diameters), which were obtained at the mesoscale level by the upscaling process are introduced at the macroscale level as the input variables of the fine scale model, and are represented by X F,2 . There are additional random input variables at the fine scale in the macroscale level, which are independent from the mesoscale level such as material properties of struts. Those are represented by X' F,2 in Fig. 4 . In the macroscale level upscaling process, the first step is to construct a fine scale FEM with Eq. (12) to model the details of the cellular structure. Since the coarse scale homogenized parameters obtained by the mesoscale level upscaling process are the shared variables between mesoscale and macroscale levels (i.e., X C,1 ¼ X F,2 ), a coarse scale model at the mesostructure level that can correspond to the fine scale model of the macrostructure level is chosen to achieve accurate calibration of mesoscale level input parameters with the macroscale level homogenized parameters.
In this study, linear elastic beam elements are chosen to construct fine scale FEM at the macroscale level as seen in Fig. 4 . The samples for random input variables are generated using the statistical parameters for the homogenized input variables obtained at mesoscale. Then, a tensile test simulation is conducted for n 2 number of sampling points, and the total reaction force at the fixed end of the model is obtained as the random output variable Y F,2 . In the second step, the coarse scale model at the macroscale level is constructed by using 3D solid mesh elements (i.e., eight-node brick element) by assuming a linear isotropic material model with homogenized material properties (i.e., Young's modulus and Poisson's ratio) as the input variables, shown by X C,2 in Fig. 4 . Similar to the upscaling process at mesoscale level, the homogenized coarse scale input variables are projected onto the PCE using Eq. (8) for dimension reduction in the optimization process. The total reaction force is obtained as the coarse scale output, Y C,2 , from the tensile test simulation of this coarse scale FEM. In the third step, the unknown PCE coefficients of the homogenized coarse scale input variables, X C,2 , are determined by matching the probabilistic performance of the coarse scale output, Y C,2 , and the fine scale output, Y F,2 , by utilizing the optimization process. Finally, in the fourth step, the distribution and the stochastic parameters of the overall homogenized properties of the lattice structure at the macroscale level are determined using the BIC method. Section 4 gives the details of the multilevel upscaling procedure for characterization of the overall homogenized structural properties of the additively manufactured lattice-based cellular structures, and presents the validation of the results with the actual physical experiments. As mentioned earlier, although the example of this research is based on the cellular structures fabricated by the FDM process, the presented multilevel upscaling framework can be utilized as a general multiscale modeling procedure for any multiscale engineering application.
Application of Proposed Method to Cellular Structures
In order to conduct the material characterization of AMfabricated cellular structures using the proposed method, tensile test specimens were fabricated in a Stratasys V R Fortus 400mc using ABS-M30 material. The center of the specimens was modeled as lattice structures by periodic cubic unit cells with 5 Â 5 Â 5 mm dimensions having 1.5 mm with strut diameter in each unit cell as illustrated in Fig. 5(a) . The cubic unit cell was rotated counterclockwise about the Y-axis by 15 deg, 30 deg, and 45 deg to fabricate four different lattice structures as shown in Fig. 5(b) . In-house tensile tests were conducted for these AM-fabricated structures. These actual experimental data were utilized to validate and demonstrate the proposed multiscale modeling procedure. Sections 4.1 and 4.2 describe how the developed procedure has been applied by using these experimental results.
Mesoscale Level Upscaling for Diameter
Homogenization.
Determining the Uncertain Input Variables.
The fabricated cellular structures shown in Fig. 5(b) have struts with different rotation angles. These struts have deviations in geometry due to the uncertainties in the FDM manufacturing process. For the mesoscale level upscaling process, the uncertainties in the geometric variables of the struts are predicted and quantified based on the fabricated structure experiments. In Fig. 6 , the geometric variables of an angled strut with a circular cross section are illustrated.
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Transactions of the ASME These variables will have uncertainties due to the process parameters.
The expected geometry of a strut with circular cross section, which has a rotation angle h about Y-axis, is shown in Fig. 6(a) . Due to the uncertainties caused by process parameters, the strut fabricated by the FDM process is obtained as in Fig. 6(b) . When the deposited layers are closely observed as in Fig. 6(c) , it is seen that the fabricated geometry has excess portions and missing portions (gaps) after deposition of layers due to the resolution effect of layer thickness, t. Therefore, the overall diameter of a fabricated strut, D, is different than what is expected or designed. In Fig. 6(d) , a layer of a fabricated strut is depicted with exaggerated dashed lines. It should be noted that the deviations on the circular pattern shown are not as bad as it is seen in this figure for the fabricated structures but the drawing has been exaggerated to merely illustrate the deviations on the layers more clearly. In addition, the details of the deposition path in the layer are not shown in this figure for simplicity. Additional details of the effect of the deposition parameters on the geometry of the layer can be found in Refs. [26, 27] . In the FDM process, the precision errors of process parameters such as road width, air gap, and raster orientation create uncertainties on the cross-sectional shape of each layer shown in Fig. 6(d) . Moreover, there are other precision issues such as the transition points where the start and end points of the deposition on each layer create a slight geometric discontinuity defect as shown darker in Fig. 6(d) on the dashed line. Consequently, the diameter of each deposited layer will be an uncertain input variable that affects the overall diameter of the strut.
In addition, inherent errors on the positioning of the nozzle head cause deviations for the position of the center of each layer. These deviations are taken into consideration as the deviation on the X-axis, represented by dx, and deviation on the Y-axis, represented by dy, in Fig. 6(d) . The build angle, h, is also an uncertain parameter, since the nozzle head positioning errors create a cumulative change on the build angle, represented with dh in Fig. 6(b) . Air gap errors, shrinkage errors caused by the temperature and errors of deposited material thickness induce uncertainty on the thickness of each layer, t. The deviation on thickness due to the uncertainties is shown with dt in Fig. 6(d) . The deposited strut length, L, has also uncertainties, causing deviations in length, represented by dL due to these process parameters errors. The uncertainties of these input variables are quantified based on the fabricated specimens and corresponding uncertainty parameters are summarized in Table 2 . In Table 2 , COV denotes the coefficient of variation. The material properties of ABS-M30 material, given in Table 2 , have been determined by actual experiments in Ref. [14] . All random variables at fine scale are assumed to be normally distributed. Step 1: Fine Scale Model. All of the aforementioned uncertainties must be taken into account while modeling the struts in a cellular structure. Since it will be a tedious and infeasible procedure to include all of the details at the cellular structure level, first, the effect of these parameters is modeled at the mesoscale level. For this purpose, the previously mentioned voxel-based FE model that accounts for the uncertainties is used, and each layer on a structure is filled with eight-node brick elements with a 0.075 mm mesh size in X and Y directions based on the uncertain input variables. The mesh size in the Z direction is the same as the layer thickness, which is 0.178 mm but varies depending on the uncertain parameters. The random variables listed in Table 2 correspond to the fine scale input variables shown by X F,1 in Fig. 4 and Table 1 for the mesoscale level fine scale model.
The individual FE models of each strut with different angles, required for the four types of cellular structures, are created. For the structure with the unit cells of 0 deg rotation angle in Fig. 5 , horizontal struts along the X and Y axes (i.e., 0 deg angle struts), and vertical struts (i.e., 90 deg angle struts) on the Z-axis are modeled. Similarly, for 15 Once the strut models are generated at different rotation angles, each model is rotated about the Y-axis such that the struts will be vertical on the Z-axis. The struts are rotated to facilitate the FEA, since it enables conducting the tensile test simulation for each strut on the Z-axis. The data for the uncertain input variables given in Table 1 are generated by LHS. An FEA for the tensile test for each sampling point for each strut is conducted by constraining the points at the bottom part of the model and applying a displacement of 1 mm on the tip of the strut, as shown in Fig. 7 . The total reaction force value at the fixed bottom part of the strut is obtained by FEA and corresponds to the fine scale output denoted by Y F,1 in Fig. 4 .
In order to determine the optimum number of sampling points, the accuracy of the mean and standard deviation of the reaction force for the strut at 90 deg is compared for various numbers of samples as illustrated in Fig. 8 . The convergence of mean and standard deviation is obtained approximately at 500 simulations. Thus, for each strut at different angles, 500 samples of input Transactions of the ASME variables are generated by LHS, and FEA is conducted to obtain the distribution of response.
4.1.3
Step 2: Coarse Scale Model. At the coarse scale, it is preferred to use a relatively simple FEM technique that can accurately represent the detailed fine scale model to minimize the computational burden of repetitive simulations in the upscaling procedure. Hence, the struts are represented by a linear elastic beam element model at coarse scale, for which the unknown input variable is the homogeneous diameter value of the beam element, denoted by D h in Fig. 7 , where subscript h refers to homogenized diameter. The homogenized diameter corresponds to the homogenized input variable denoted by X C,1 in Fig. 4 . In addition, homogeneous material properties and length of the strut are the known input variables for the coarse scale model. Similar to the fine scale model, the bottom part is fixed and a displacement of 1 mm is applied to the tip. Since the fine scale models are rotated to an angle of 90 deg, the same coarse scale model can be used for each fine scale strut model. The coarse scale output is the total reaction force and is denoted by Y C,1 in Fig. 4 .
In order to reduce the number of design variables in the optimization, the random variability of D h is projected onto the PCE
Thus, the coefficients, b, of the gPCE become the design variables that will be determined in the optimization process. Since the fine scale input parameters are assumed to be Gaussian, it is expected that the Hermite polynomials will provide sufficient accuracy for this problem.
Step 3: Optimization for Homogenization of Diameter.
In the third step, the probabilistic performance of fine and coarse scale responses is matched by utilizing the optimization given in Eq. (12) . The unknown PCE coefficients in Eq. (15) are determined through the optimization process. The coarse scale probability density function (PDF) results of responses obtained after Fig. 9 , and the error values were calculated by
where Y F and Y C denote the fine and coarse scale responses at the jth sampling point for n number of samples, respectively. As seen in Fig. 9 , the PDF of coarse scale responses are very close to the PDF of fine scale responses. The error values are on the level of 10
À4
, which proves that the upscaling is achieved with a very high accuracy for all struts with different rotation angles. Thus, uncertainty quantification for the predicted homogenized diameter data is performed next.
4.1.5
Step 4: Fitting a Distribution to Homogenized Diameter. In order to determine the stochastic parameters for the homogenized diameter data, which will be used as input variable at the macroscale level, first, we need to determine the distribution type for the homogenized strut diameter. Different distribution types are fitted to the homogenized diameter data for this purpose. Six candidate distributions, i.e., normal, lognormal, gamma, gumbell, frechet, and weibull distributions, were chosen to fit the reaction force data using MLE by adjusting the stochastic parameters. Since generalized extreme value distribution (GEV) can represent the last three distributions, it can be used for the estimation of gumbell, frechet, and Weibull distributions. The details of the distributions mentioned above can be found in Ref. [21] . Then, the goodness of fit of each distribution is calculated by BIC given in Eq. (13) to pick the best candidate of distribution that fits the data. The distribution type, which has the smallest BIC value, gives the best fit for the data of the homogenized diameter obtained by the upscaling procedure. The distribution types and the corresponding stochastic parameters for homogenized diameters are given in Table 3. As listed in Table 3 , 15 deg and 45 deg struts have normal distribution, the 75 deg strut has a gamma distribution, and the remaining struts have lognormal distributions based on BIC results. In addition, the diameter values of struts in the fabricated lattice structures were measured using a digital caliper to compare the homogenized diameter values obtained by the upscaling method with the diameters of actual fabricated struts. An average diameter value for each strut was obtained by the measurements and compared with homogenized diameter values in Fig. 10 .
The largest measured diameter value was 1.45 mm for 0 deg strut and the diameters of the other struts were less than or equal to 1.4 mm. These measured results prove that the uncertainties caused by manufacturing process parameters have a considerable effect on the geometry of fabricated struts and therefore must be taken into account for the modeling. The homogenized diameter values are predicted very closely to the measured diameter values as seen in Fig. 10 . The error values between the mean homogenized value, which were obtained by accounting for the uncertainties in the FEM of the mesoscale level, and the measured average value for each strut with different rotation angles were calculated using Eq. (16) . The largest error was calculated as 1.7% for the 75 deg strut when the errors were converted to percentage values. These results show that the mesoscale level upscaling procedure provides an accurate estimation of the diameter values of struts. Thus, the distribution of the results from tensile tests can be approximated by using only a single variable, i.e., strut diameter, with its own distribution at macroscale level for structural property characterization of lattice-based cellular structures.
Macroscale Level
Upscaling. The homogenized diameters, which have been determined at the mesoscale level, are introduced at the macroscale level, and the overall material properties are determined for the AM-fabricated part using the stochastic upscaling technique, thus enabling an efficient multilevel structural property characterization procedure. Fig. 11 . Depending on the rotation angle of the beam, the corresponding strut diameter distribution and its parameters from Table 3 are used in the fine scale simulations. For instance, when the rotation angle of the unit cells in the lattice structure is 0 deg, there are only 0 deg and 90 deg struts in the lattice structure, as shown in Fig. 11 . Therefore, the homogenized diameter values obtained at the mesoscale level for 0 deg and 90 deg struts are used as the random input variables of the lattice structure with 0 deg rotation angle. A similar procedure is followed for the other lattice structures with different angles.
Tensile test simulations were performed by fixing one end and applying an axial displacement of 2 mm on the other end of the lattice structures, while randomly varying these inputs to generate an expected distribution of the total reaction force at the fixed end of the structure as the fine scale output, Y F,2 . A convergence analysis for the mean and standard deviation of the fine scale response was again conducted to determine the optimal number of sampling points using the lattice structure FEM with 0 deg rotation angle. The convergence was obtained at about 200 samples. Hence, 200 sampling points were generated, and FEA was conducted for each lattice structure type at fine scale to obtain the responses that was used in the macroscale level upscaling.
4.2.2
Step 2: Coarse Scale Model. The main purpose of the upscaling is to determine the unknown homogenized elastic properties of the lattice structures (i.e., Young's modulus and Poisson's ratio). Based on the upscaling process, it is determined that the distribution of outputs (i.e., total reaction force, Y C,2 ) from tensile tests on the lattice structure can be approximated using a solid block of material as the coarse scale FEM with two elastic material properties, i.e., Young's modulus (E h ) and Poisson's ratio (v h ), which are the unknown input variables, X C,2 , with their own distributions. It should be noted that the FDM fabricated lattice structures can show anisotropy since the build direction used to fabricate the structure can affect the material properties. However, since the physical tensile test experiments were conducted only in the X direction of the fabricated structures shown in Fig. 5(a) , only the isotropic elastic material properties (i.e., properties only in X direction) were determined in this study.
Since there are 200 sampling points, the optimization procedure will attempt to find 200 Young's modulus and 200 Poisson's ratio values corresponding to each sample point. In order to reduce the number of design variables, the random variability of E h and v h are projected onto the PCE as
Thus, only the coefficients, b and c of the PCEs are determined in the optimization. The number of coefficients, P 1 , was taken as 3 and P 2 was taken as 2 in the optimization process, thus, reducing the number of design variables from 400 to 5.
4.2.3
Step 3: Optimization for the Homogenization of Young's Modulus. In the third step, the objective function given by Eq. (11) is evaluated using the responses obtained at fine scale and coarse scale to find the optimal PCE coefficients. Once the optimization process was implemented for each structure with different angles, the PDFs of the responses at fine and coarse scale were obtained. The corresponding errors between coarse scale results and the fine scale results are also calculated by Eq. (16) and summarized in Table 4 .
As can be seen from the error results in Table 4 , the homogenized input parameters of the coarse scale model that were obtained by the upscaling procedure can enable highly accurate computing of the PDF of the responses. As a result, the coarse scale model and the homogenized material properties can be used to represent the lattice structures. The distribution types and stochastic parameters of predicted homogenized Young's modulus and Poisson's ratio values are determined next.
4.2.4
Step 4: Fitting a Distribution to Homogenized Diameter. Different distribution types (i.e., normal, lognormal, gamma, and GEV) are fitted to the homogenized Young's modulus and Poisson's ratio to evaluate the goodness of fit using BIC. The corresponding distribution types and the stochastic parameters for homogenized material properties are listed in Table 5 . As given in Table 5 , the material properties of the lattice structures with 0 deg and 15 deg rotation angles have lognormal distributions and the others have normal distribution. The mean values of the homogenized Young's moduli are compared to the experimental results that were obtained from actual tensile tests of the lattice structures fabricated by FDM in Fig. 12 . Two-lattice structure tensile test specimens were fabricated for each angle (i.e., 0 deg, 15 deg, 30 deg, 45 deg structures) and the average of Young's modulus values were obtained from actual experiments. In addition, deterministic Young's modulus results are compared with the results obtained without using the stochastic upscaling process. In this case, since our target while fabricating the structures is to have 1.5 mm diameters, the lattice structure FE models were generated with beam elements using 1.5 mm diameters for the struts. Then, the deterministic effective Young modulus values of the lattice structures were calculated by dividing the axial stress on the surface of the structure by the axial strain, as shown in Fig. 12 , without using the proposed upscaling procedure to see the effect of the upscaling procedure and uncertainty quantification on the prediction of material properties.
As can be seen in Fig. 12 , the Young's modulus values decrease when the build angle of the unit cells is increased, and the simulation results agree well with the trend of the experimental results. It is observed that when there is no rotation (i.e., for the lattice structure with 0 deg rotation angle), the Young's modulus of the structure is at least three times greater than the one obtained for the structures with rotation angles. This is the result of occurrence of more disconnected nodes on the lattice structure when the rotation angle increases. In addition, the results show that the homogenized values obtained by the upscaling procedure are closer to the experimental results than the values obtained without the upscaling procedure. For a better comparison of the results, the error between the experimental results and the FEA results was calculated for each structure using Eq. (16) with n ¼ 1 and listed in Table 6 .
Compared with the Young's modulus values obtained without the proposed multilevel upscaling procedure, there is a significant reduction in the errors when the proposed method is utilized. The lowest difference in errors occurs for the structure with 45 deg rotation angle, and even for that case, the error reduction is about half of the error occurred when the proposed upscaling procedure is not used. The reduction in the diameter values caused by the uncertainties due to the manufacturing process parameters is not taken into account in the simulations without the upscaling method, thus resulting in greater errors in the estimation of overall material properties of fabricated structures. Thus, the results prove that the proposed multilevel upscaling method provides an efficient estimation of material properties by accounting for the uncertainties at the mesoscale level.
Conclusion
The current study introduced a new framework that incorporates simulation-based upscaling tools at multiple levels of scales for efficient uncertainty propagation across scales. The efficacy of the presented framework has been shown on the material characterization of lattice structures that are fabricated with the FDM process. PCE has been utilized to deal with the uncertainties in the diameter of the struts in the lattice-based cellular structures as well as the overall material properties of the structures. The developed multilevel technique has shown that the uncertainties that propagate from one level to another can be quantified efficiently. The actual test results of fabricated parts are integrated into the modeling procedure. The applied procedure has successfully identified the homogenized diameters and material properties while ensuring accurate matching of responses between fine and coarse scale models. It has been shown that the presented method is critical for the property characterization of additively manufactured cellular structures for which the analysis conducted without using the method would be computationally prohibitive due to the uncertainties at fine scales. Hence, the method will also provide computational efficiency and accurate estimation of the overall properties when it is used in the design processes of the lattice structures. Thus, the presented procedure has significant potential to effectively certify additively manufactured cellular structures, thus enabling the use of the AM-fabricated parts for critical applications such as parts in aircraft, vehicles, and medical products. 
